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Abstract: Map merging is a noteworthy phenomenon for cases such as search and rescue and disaster areas in which
the duration is quite significant when gathering information about an environment. It is obvious that the total mapping
time decreases if the number of agents (robots) increases. However, the use of multiple agents leads to problems such
as task allocation schemes and the fusing of local maps. Examining the present methods, it is generally observed that
the common features of local maps have been found and the global map is formed by obtaining related transformation
between local maps. However, such implementations may be risky when local maps have symmetrical areas. Hence, a
novel and semantic approach has been developed to solve this problem. The developed method counts on the reliability
level of feature points. If relevant feature points are trusted, local maps are merged according to the best point or
points. The simulation results from a robot operating system and a real-time experiment support the proposed method’s
efficiency, and mapping can be performed even for environments that have symmetrical similar parts and the task time
can thus be reduced.
Key words: Map merging, occupancy grid maps, semantic algorithm, simultaneous localization and mapping

1. Introduction
From a robotics perspective, maps allow robots to determine how the world around them appears [1–3]. Robots
can fulfill assigned tasks and discover new points by virtue of maps. Several approaches have been advanced
in the literature to solve the robotic mapping or simultaneous localization and mapping (SLAM) problem for
both single and multiple robots [4–9]. As well as obtaining maps where a robot can carry out its assigned
tasks, the duration of building maps also plays a vital role in some circumstances such as search and rescue
(SaR) operations in disaster situations. This is because finding entrapped victims or applying intervention
strategies is mostly based on the current maps of the disaster areas; therefore, the duration of obtaining maps
has to be as fast as possible. A common intervention in SaR areas is fulfilled by humans or trained dogs to
attain quick results. However, this can be dangerous when the area contains dangerous waste such as nuclear
fallout. Therefore, robots can be used as substitutes for humans or trained dogs in such cases. It is clear that
performing interventions with a single robot in large-scale zones is time-consuming. Therefore, it is generally
done with a team of robots. As a result, mapping and intervention times can be reduced when robot teams are
used rather than a single one [10–12]. However, one of the most challenging problems with multirobot teams
is the combination of partial maps supplied by each robot [12–14]. The usual aim is to find common features
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in local maps and transformations between robots or local maps to acquire a global map of an environment.
When the transformation or common features are known, merging can be easily fulfilled. However, the correct
detection of common features in local maps is a substantial problem [14–16]. The algorithms defined in the
literature can easily diverge from the consistent global map if an environment has symmetrical features. This
study aims to determine the solutions of complications regarding common features used in existing map-merging
problems. Accordingly, a new and semantic approach is presented to problems encountered in existing methods.
Through the developed method, common feature points are determined in each local map and whether these
points are trusted is evaluated. According to the reliability of features, the transformation points of the maps
are determined and the global map is constituted in consideration of these points. Section 2 reviews some
methods established in the literature about map merging. The following section explains the evaluation process
of whether a feature point can be trusted and related semantic algorithms regarding merging local maps are
explained in detail. Later, the results are presented with some experiments. In the last section, findings obtained
from the results of the study are evaluated and remarks are made regarding future studies.
2. Related work
The problem in robotic mapping is to obtain a spatial model of a robot’s environment via its sensors. The
map of an environment is built incrementally from each observation [17]. This is usually known as a robotic
mapping problem and has been analyzed for more than three decades. On the other hand, map merging can
be considered as a subset of the robotic mapping phenomenon. In other respects, map merging is the creation
of a consistent global map from local ones that are produced by different agents [13, 14, 18]. The map-merging
problem has dynamic and static approaches. In dynamic approaches, global and local maps are produced
simultaneously. Contrary to this, a global map is created after each local agent explores its own region in
static approaches [19]. As well as type of approaches, another important parameter of map-merging problems
is the type of the map. Feature [20] or occupancy-based [13] map representations are often in the foreground
and occupancy-based maps are frequently preferred by researchers due to their being both true and metric
representations of the world and presenting information about unexplored regions [21]. These advantages have
led to occupancy-based maps being used in this study. In a similar manner to different map types, map merging
can also be characterized by various approaches as based on features, iterative closest points (ICP), or overalldirect optimization [21–23]. This paper uses feature-based methods to match the regions of points of interest
because the environment has sufficient properties for extraction. Although there have been several different
approaches to map fusion, the problem of map merging is actually a result of multirobot analysis. Continuous
measurement of the robot’s environment in mapping applications could cause residual errors because the used
sensors always have some noise. Even though this is not a significant problem for small-scale environments, the
cumulative error, which is a result of successive residual errors, must be deliberated in large-scale environment
mapping. Hence, one of the most remarkable advantages of multirobot mapping is that it decreases residual
errors when mapping large-scale areas. In addition, another advantage is that the multirobot approach reduces
the total mapping duration [14, 24]. Thus far, several studies have examined the merging of occupancy grid
maps. Lee et al. [15] addressed a sinogram-based method to simulate offline occupancy grid maps. Matching
between maps has come through the use of multiple analyses with sinograms. Radon transformation is used to
extract sinograms; according to the results, the developed approach gives better results than a single sinogram
and other methods. Tsardoulias et al. [25] investigated the map-merging problem in conjunction with RFID tag
localization and topological information. Their approach is mainly based on obstacles’ and RFID tags’ locations
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and ICP algorithm transformation. The steps they applied are first of all to find the alignments between related
obstacles; later, common RFID tags’ pose rotations are determined. They also improved this process to obtain
exact alignment using the ICP algorithm and refined the map by a modified blurring process in order to prevent
inconsistencies. Ferrão et al. [26] focused on merging multiple agent local maps using affine transformations.
They performed their experiment on two robots but mentioned that the process could be enhanced by repeating
the same procedure so that multiple robot map merging is achieved. They also used SIFT features to determine
common points on the local maps. According to their comments, sometimes the method did not work properly
since the algorithm could not find the right corresponding point sets and this led to misalignment and improper
matching between local maps. They mentioned these kinds of limitations in their conclusion. As we witness
this drawback, we also improve this method by adding reliability criteria in the selection of features in our
study so that the algorithm does not only choose the key features but also evaluates them regarding defined
reliability criteria. Saeedi et al. [27] handled the map-merging problem along with SLAM application. They
extended a single SLAM approach to the multiple one and enhanced a novel schema for map merging, based on
a multistep process. The steps they used basically consist of some image processing and transformation matrix
tuning. They chose edges and segmentation blocks created based on edges as features for local maps and applied
detection, segmentation, and verification processes on the local maps. According to the segments histograms
they determined whether the feature was a good candidate or not. If their application scenario is examined, it
is clearly seen that local maps are obviously different from each other and this brings to mind the question of
what happens if the environment has symmetrical areas. This study and its references also presented a detailed
review about occupancy grid map merging. Birk and Carpin [13] emphasized the importance of multirobot
mapping and implied that occupancy grid maps are suitable for robotic applications. One main advantage of
their method is that the instantaneous poses of the robots allied with one another are unimportant. Adaptive
random walking is used in the searching process. The process of matching between local maps is performed
using a similarity function based on the comparison of similar regions in local maps. However, the study does
not contain any clues for symmetrical regions. Topal et al. [10, 12] benefited from using a scale-invariant feature
transform (SIFT)-based method to merge different local occupancy grid maps. The aim is to combine partial
maps created in the results of the mapping task assigned to robots. The study’s main idea is to merge maps
by using SIFT features. However, there has been no previous discussion about cases in which local maps have
symmetrical parts, as in our work. Robustness is not handled on such occasions. In this manner, it is obvious
that the algorithm they presented will most likely make a mistake when merging local maps as shown in Section
4. At this point, our improved method provides a solution using the reliability criteria for feature selection.
3. Improved method
3.1. Test environment
Two different environments are used for the experiments being carried out in this study. Symmetrical regions
are introduced in the test environment (room-1 and room-2); hence, the enhanced algorithm can be validated.
There are two robots in the environment, and both build their own local maps simultaneously. The particle
filter-based Rao–Blackwellized decomposition technique (RBPF) is employed to create a map of the environment
demonstrated in Figure 1a and Figure 1b. According to this method, each particle carries its own map and
particles are omitted regarding observations and measurements that are taken from the environment. The
output of the algorithm is an occupied grid map of the environment. Local maps that robots make for the
environment in Figure 1a are pointed out in Figures 2a and 2b. Similarly, partial maps for the real-time case
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are indicated in Section 4.2. The pieces observed in local maps are colored to symbolize information; black
regions are occupied, white regions are free, and gray regions are spaces that have not yet been visited by any
robot.

robot-1

room-1

robot-2
room-2

(a) The simulation environment

(b) Real-time environment

Figure 1. The experimental environments.

(a)

(b)

Figure 2. Local maps for the simulation experiment: (a) the first robot’s partial map of the environment and (b) the
second robot’s partial map of the environment.

3.2. Feature extraction process
Various features can be extracted from the images through the numerous methods in the literature. These
features are important specifications for the image and give it a unique character. Some of the best known
and used methods are Harris, Shi–Thomasi, SIFT, speeded up robust features (SURF), and the features from
accelerated segment test (FAST). One of the oldest but most used methods is the Harris corner detection method
[28–30], given in Eq. (1):
E(u, v) =

∑

w(x, y)[I(x + u, y + v) − I(x, y)]2 .

(1)

x,y

According to this method, the value of E is investigated by a small change in u and v. It is obvious that
the change is close to 0 if the frames are similar. On the contrary, because there will be more variation at the
corner points, the value of E reaches its maximum. The values that maximize E are searched with the help of
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the Taylor series. The answers for the associated points are measured and it is investigated whether the feature
is a corner point or not. One of the powerful upsides of this method is that the direction of the frames is not
important. On the other hand, the new Shi–Tomasi [31] method makes a small modification to the scoring
function suggested in the Harris corner detection method. They improved Harris’s method by measuring the
response of feature points in a different way.

* points

(a) Harris-Map1

(b) Harris-Map2

(e) FAST-Map1

(c) Shi–Tomasi-Map1

* points

* points
o regions

* points

* points

(g) SURF-Map1

* points
o regions

* points

* points

(f) FAST-Map2

(d) Shi–Tomasi-Map2

(h) SURF-Map2

Figure 3. Feature points relating to first and second maps, respectively: (a, b) the Harris method, (c, d) the Shi–Tomasi
method, (e, f) the FAST method, (g, h) the SURF method.

First
Map

Strongest
n
features

Original
filter
window

Binary
filter
window

Gradient
filter
window

Figure 4. Feature points on the local maps and a region of interest around a selected feature point.

The other well-known and newly discovered feature extraction method is FAST [29, 32]. This method
makes a notable improvement in computation time. For this reason, it is generally preferred in video processing
and machine learning applications. SURF is another feature recognition method and is based on the sum of
two-dimensional Haar wavelets. It can be thought of as a development of the SIFT method. Authors claim that
this method is more robust and faster than SIFT [29, 30, 33, 34]. In our study, the best n features belonging to
local maps are shown in Figure 3, in which the feature points are extracted according to the Harris (Figure 3a,
Figure 3b), Shi–Tomasi (Figure 3c, Figure 3d), FAST (Figure 3e, Figure 3f), and SURF methods (Figure 3g,
Figure 3h), respectively. In addition to the feature points, a feature frame is necessary for the detection of the
trusted points and similarity comparison between the local maps. As such, a window (L) is created according
to the filter size (f ) around these feature points, and a corresponding feature window is obtained (Figure 4).
Through these windows, it is investigated whether the feature is trusted or not and the similarity between these
windows is sought to detect the similar points between images as suggested in Section 3.3.
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3.3. Description of trusted points and semantic algorithm
The semantic approach used in the article is based on whether the relevant feature points are trusted or not.
It introduces a threshold value for the determination of feature point reliability. The basic idea underlying the
identification of trusted points is to highlight the features at the inner points since the robot is more likely to
see those areas. With this approach, the uncertainty in the filtered windows is investigated by examining free,
occupied, and unknown cells. It has the ability to find the common features in the inner parts by eliminating
the outer points or untrusted features. Depending on the developed threshold description, the feature point is
either eliminated or labeled as trusted (Algorithm 1).
Definition: Let N and M be real positive numbers and I or M be a map function of size N × M.
I(x, y) has free, occupied, or unknown points that are accepted if the belief is positive, negative, or unknown,
respectively. If this value equals zero, information about the grid is not available, and it is also called an
unknown cell. P is a set of feature points according to the feature extraction method for the image I and p is
a point that denotes a feature relevant map, I (2):
p = {p(n, m)|p(n, m) ∈ P, n ≤ N, m ≤ M ∧ n, m ∈ Z+ }∀P (u, v) ⊆ IN ×M (x, y).

(2)

L is a subwindow for the detection of the trusted points (3):
L = {Lf ×f |L(xc , yc ) = p(n, m) ∧ p(n, m) ∈ P }∀Lf ×f ⊆ IN ×M ,

(3)

where xc and yc are the centers of the L filter-window and f is a filter size.
By expressions, t is a trusted point only if condition (4) is provided:
{
t←

#L(x,y)|unknowncells
f
#L(x,y)|unknowncells
f

≤ f,
> f,

p is trusted;
p is not trusted.

}
t ∈ P ∧ ∀L ⊆ IN ×M (x, y).

(4)

If Eq. (4) is examined, it is clearly seen that trusted points are dependent on the number of unknown
cells and related features. The choice of the filter size has a twofold significance for acquiring trusted points
and matching the local maps associated with trusted points. First, there may not be any unknown cells around
the feature points as a result of the tiny selected filter size.
On the other hand, when the filter size is large, the computation load may increase. When the number of
unknown cells in the feature window increases, it may become difficult to define the feature point. Second, the
correlations between the feature windows are examined to match the feature points found in local maps. This
correlation value is likely to be the same for irrelevant features when the filter size is too small. Conversely, for the
conditions of large selected values of f, the computation time may increase and the matching of feature windows
may be improper due to the fact that the local occupancy grid maps have small differences. Therefore, a selection
of an appropriate filter size is required. According to our approach, the filter size can be determined based
on some general environmental features, namely map resolution, distance between corridors, and confidence
interval. The corridors and distance values of some parts of the environment are indicated in Figure 5 in meters
and pixels. The filter size, f, can be formulated as a pixel as in Eq. (5):
f [px] = cw [m] × r[m/px]−1 + α[px],

(5)

where f is the filter size, cw is the most seen corridor width, r is the resolution of the map, and α is the
confidence interval. The value of f is set by increasing or decreasing the confidence interval.
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The critical part for the determination of the filter size is that neither large nor small values are set. If
the environment is established as in Figure 1a and the corridor width is considered to be about 3 m, the filter
size is obtained as 60 according to Eq. (5). The experimental results reveal that the value of the confidence
interval, α , can be selected in the range of +/- 10 [px]. Under these circumstances, the filter size, f, can be
selected in the range of 50–70. In order to merge the partial maps while considering the reliability features, the
semantic algorithm scheme is used (Algorithm 2).
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~3m/50-70px

~3m/
50-70px

~3m/
50-70px

Figure 5. Some corridor views of environment.

4. Implementation and results
Experiments are carried out in both created and real-time environments that are built to validate the accuracy
of the enhanced method. In order to form a global map, an exchange between the robot’s local maps is achieved
based on the specified method [10]. Within this scope, the methods stated in the literature attempt to fuse
the local maps obtained from different robots. The features acquired from the local maps are used to create a
global map via Harris, Shi–Tomasi, FAST, and SURF methods.
4.1. Simulation results
It is clear that within the created environment, there are two identical rooms in different regions. These rooms
are a good landmark from the perspective of finding a common feature but they may also lead to confusion.
Figures 6a–6d illustrate the existing methods’ map fusion results. By carefully examining Figure 6, the handicap
referred to in Section 2 is encountered in the existent methods described in the literature. One consequence
of having symmetrical parts is matching different features as though they were the same. This problem stems
from the fact that local maps have symmetrical parts. Although many features can be found in the local maps
via the existing methods, it is perceived that room-1 and room-2 are the same in the matching process and
these points are thought to be similar. Thus, this process leads to an inaccurate merging and the developed
semantic method offers a new solution. This enhanced method is based on merging maps from a semantic point
of view by assuming that the robots are likely to navigate or can see the inner regions of the environment more
clearly than the outer ones.
A map of the environment using the Harris and Shi–Tomasi corner detection method, which is improved
with the presented semantic approach, is obtained as in Figures 7a and 7b. The experiments are run 10 times for
the comparison of the time efficiency and the status of the global map as seen in Table 1. When the Harris and
Shi–Tomasi methods are combined with the enhanced semantic technique, a global map is acquired using the
trusted feature points. The time comparison showed no huge differences between the methods. On the contrary,
a global map could not be constituted when using the FAST and SURF features. As expected, the global map
was obtained in 65 s through a multirobot approach that was improved using the mentioned algorithm, while
105 s was needed in the single-robot case. In addition to this, one of the robots was assigned to navigate from
one point to another. For a fair comparison, this robot is initiated from the same place in both situations.
According to the elapsed times, the robot needs 125 s to fulfill the task. However, this task time decreases to
85 s in the multimap case.
4.2. Real-time results
In addition to the simulation study, the enhanced method is also tested in a real-time environment to validate
the efficiency. In order to do that, first of all, local maps are obtained (Figures 8a and 8b) and existing methods
in the literature are applied to obtain the merged global map. The pitfalls of the existing methods have been
clearly recognized once again and these methods fuse the local maps improperly (Figures 9a–9d).
As a result of this, the improved semantic approach is applied to the local maps of the robots. The filter
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o map1 features
+ map2 features
- association

o map1 features
+ map2 features
- association

(c) FAST method

(a) Harris method

o map1 features
+ map2 features
- association

o map1 features
+ map2 features
- association

(b) Shi–Tomasi method

(d) SURF method

Figure 6. Keypoint matching.

(a) Harris method

(b) Shi–Tomasi method

Figure 7. Result map with regard to improved algorithm.

size is determined according to Eq. (5). The narrowest corridor size is measured at about 20 in pixel standard.
After that, the same procedure and algorithm are applied to the robots’ local maps. According to the results,
it is observed that the real-time experiment (Figure 10) is consistent with the simulation and the developed
algorithm shows a clear advantage over previous approaches.
Different from the simulation experiment, the global map is obtained only with the Harris detection
based method. There are several explanations for this finding. First of all, the extracted features may not be
compatible with the developed algorithm since the enhanced method is based on features extracted from the
maps. Another reason might be the nuance between partial maps which is natural outcome of the multi-robot
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Table 1: Average elapsed time and matching state for the simulation experiment.

Algorithm

Time for merging

Matching state

Harris
Shi–Tomasi
FAST
SURF

1.713244
1.712669
1.418407
1.544664

Yes
Yes
No
No

(a) First robot’s partial map of environment

(b) Second robot’s partial map of
environment

Figure 8. Local maps for the real-time experiment.

mapping. Despite this, we can still state that our semantic outline could be expanded by new kind of feature
extraction methods. Table 2 highlights the time for seeking the global map and final matching states of the
methods. It is should be noted that time for searching the global map is consistent with each study and there
are no significiant difference between the methods.
Table 2: Average elapsed time and matching state for the real-time experiment.
Algorithm

Time for merging

Matching state

Harris
Shi–Tomasi
FAST
SURF

2.610178
2.393639
2.438914
2.306784

Yes
No
No
No

The real-time experiment durations are parallel with the simulation one. As expected, while one robot
can create the map of the environment in 260 s, a robot team could perform the same task in 140 s. At the
same time, for a single-robot case, a robot needs 284 s to complete its task of going from one place to another,
while this time is reduced to 164 s when using multiple robots.
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o map1 features
+ map2 features
- association

(a) Harris method

o map1 features
+ map2 features
- association

(c) FAST method

o map1 features
+ map2 features
- association

(b) Shi–Tomasi method

o map1 features
+ map2 features
- association

(d) SURF method

Figure 9. Keypoint matching for real-time experiment.

5. Conclusions
This study investigates the cooperation of multiple robots in map-merging tasks. To do this, a mapping task
for created and real-time environments is assigned to the robots. Although the map formed by a single robot
is sufficient in many cases, it is undesirable for the mapping process to require a long time period in several
conditions. As such, multirobot mapping was used in such conditions to decrease the processing time. Within
this framework, the integration of different local maps obtained from different agents into a global map and
the methods to follow them are emphasized. To that end, studies have been carried out to merge the maps
with these existing methods in the literature. Although these methods are useful for combining images that are
closely related, it has been observed that they fail to properly create maps that have symmetrical parts as in
the created environment. The existing methods try to match the symmetrical sections as if they were the same.
For this reason, it is necessary to develop a new semantic approach to merge maps with symmetrical sections.
The solution of this problem and the further development of existing methods are the main contributions of this
study. The related procedures have been given and a successful application has been realized in this paper. It is
assumed that the robots see the inner regions more clearly than the outer ones. Therefore, in order to determine
those features, the reliability criterion is defined and all features are scored using Eq. (4), which is given in
3990
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Figure 10. Result map with regard to improved algorithm for the Harris method.

Section 3.3. Once these points have been determined, the same features are produced in both local maps with
the help of a correlation between windows formed around these feature points. Although the generated local
maps are grid-based and there are nuances even in the same sections, the evidence from the results indicates
that the aforementioned method has been able to successfully perform the merging task. Besides this, it is
emphasized that there is no trusted point to merge the maps if merging fails. In addition to this, four different
feature extraction methods are also compared. Despite the advantages and drawbacks of these methods in
terms of the number of features, trusted features are only found in the Harris and Shi–Tomasi methods for the
simulation experiment and in the Harris method for the real-time one. The study has elicited some questions
in need of further investigation. For instance, the machine learning algorithm incorporates a trusted point
detection process and an effective solution to this problem may enhance our solution.
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